We examine how city size affect wage levels of cities (agglomeration externality) and how it influence surrounding cities (spill-over effect) in China for the period between 1995 and 2009. Using spatial fixed-effect panel data models and allowing for endogenous and exogenous spatial dependence, we find strong positive city size effect on real wage levels, which confirms the existence of agglomeration economy within cities. We also find significant differences in both the direct and indirect effect of factors such as FDI between more and less population dense areas.
Introduction
China's fast economic growth has been associated with a rapid productivity increase. According to the estimates of Feenstra et al. (2015) , China's total Factor Productivity (TFP) measured at constant national prices increased from 0.59 in 1990 to 1.04 in 2014. It is often believed that this is at least partly the result of fast urbanisation. As commented by an article in The Economist (Jan 22, 2015) : "Breakneck urban growth has propelled China's rise in the past three decades".
Indeed, through massive rural-urban migration and increase in the number of cities and towns, by 2016, Chinese urban population has grown to about 57 percent from only about 23 percent in 1985 (World Bank (2017) ). According to the 2010 Census, China's migrant population was about 221 million or 16.5 percent of the total population NBS (2011). At the same time, the number of cities at the prefectural level or above increased from 169 in 1986 to 298 in 2017. However, there have been significant and persistent disparities in development across regions. Of the 185 prefectural cities that we have data for, the difference in GDP per capita (in constant prices) between the 9th and 1st decile was about 132 percent in 1994, and became 163 percent in 2009. The dispersion of real wage levels across regions has also been persistent: the difference in the average real wages between the 9th and 1st decile cities has been constant at about 64 percent.
In this paper, we wish to shed some light on the reasons behind the unbalanced economic growth and the persistent gap in real wages across regions from the perspective of agglomeration externalities. We study two types of externalities in Chinese cities: how city size affect real wages(we call it intra-city agglomeration economy) and how cities' real wages are affected by those of surronding cities (we call it the inter-city spillover effect). Our focus is on 185 Chinese cities at and above the prefectural level for the years between 1995 and 2009. The idea that urbanisation could bring efficiency gain is not new. It could be traced to at least as early as Marshall (1890) who believed that productivity differences across regions are not exogenous and could be explained by agglomeration externalities through mechanisms such as thick labour and intermediate goods markets 1 , and knowledge spillover (for a review of the literature, see for example, Johansson and Quigley (2004) , Johansson and Forslund Johansson (2008) , and Combes and Gobillon (2015) ). These effects are important to quantify because the existence of these externalities often leads to optimal choices by individuals not in line with collective objectives that policy makers may have, and has inequality implications. For example, China's policy makers are often concerned about the negative effects of repaid growth in the size of cities and excessive urbanisation (see Jones and Visaria (1997) and Henderson (2003) ). Empirically, however, due to its elusive nature, agglomeration externality is often tricky to detect, and the magnitude depends on 1 A thicker market means higher density of agents or their activities.
2 factors such as institution settings and environment of specific periods. As discussed in Combes and Gobillon (2015) , agglomeration economies are shaped through many different channels. The effects of these mechanisms are not identified separately. What has been estimated in the literature (and also the focus of this paper) is rather the overall impact on local outcomes of spatial concentration. This is, however,crucial for the understanding of firms' and workers' location choices or for the design of economics policies'.
In this strand of literature, which this paper follows, the hypothesis that productivity in more agglomerated areas is higher is tested. Typically, population size or density are used to measure agglomeration, and output per worker, wages, or TFP are used to measure productivity. The elasticity of productivity with respect to population size or density is used to measure the agglomeration economy. These investigations are either conducted at the local level or at the individual level of firms or workers. For example, Sveikauskas (1975) found a positive correlation between output per worker and the population size of US cities. Similarly, by estimating a reduced form labour productivity equation using state-level data of the US, Ciccone and Hall (1996) find that doubling employment density raises productivity (measured by output per worker) by 6 percent.
A criticism of these early studies is that they lack of 'solid identification strategy' (Moretti (2011)) to deal with the endogeneity issues of the agglomeration measures. The sources of the endogeneity at the local level could come from omitted variables that are correlated with the agglomeration measures; interdependent across regions, potential reverse-causality between productivity and agglomeration, or errors in the agglomeration measurement. Further, if individual data were used, further endogeneity issue may arise when workers make location choices according to some unobserved factors such as unobserved ability, or to the exact individual outcomes that correlate to local characteristics. Later studies attempt to use various strategies to deal with these issues. For example, Ciccone (2002) use historical variables as instruments for agglomeration with cross-section data to deal with the endogeneity issue. Other studies such as Mare (2001), Henderson (2003) , Moretti (2004) , and Greenstone et al. (2010) make use of panel data to remove the correlation with unobserved time-invariant factors. Each of these methods by themselves may not be able to deal with the endogeneity issue satisfactorily (see discussion in Combes and Gobillon (2015) ).
Another drawback of these approaches is that agglomeration economy is assumed to be constant for all cities and they ignore spatial interdependence. In the presence of systematic spatial dependence, the standard fixed effects models will result in an estimate of the average effect but cannot reflect the pattern of the effect across regions. Thus another branch of the literature employs spatial econometric technique to model regional correlations explicitly. In spatial econometrics models, the effect of certain factor is allowed to be a multiple of the direct effect and depends upon proximity to neighbouring regions. The impact of factors originated from neighbouring regions could also 3 be separated out from that of own region. The models are richer than the standard non-spatial linear models. However, these spatial models still suffer from the same omitted variable problem and ignore the potential 'exogenous interaction effects' among cities (Manski (1993) ). In other words, without controlling for either fixed-effects or instrumenting the endogenous variables, spatial econometric models still suffer from the endogeneity problem (see the discussion in Gibbons and Overman (2012)). Such examples include Bode (2004 ), Van Oort (2007 , and Ke (2010) ) which all use cross-section data and restrict spatial correlation to spatial lags, but do not deal with the endogeneity issue.
As mentioned earlier, the magnitudes of agglomeration effects vary from time to time, and country to country. The estimates also depend upon the measures used. For example, the estimates for the US are around 0.05, and for European countries, the estimates ragnes from 0.05 to 0.13. 2 For China, the estimates have been found to be in a wide range. Chauvin et al. (2017) obtained a few estimates for the elasticity of wage with respect to population size and population density.
Depending upon the methods and instrument used, the estimates range from 0.03 to 0.32 (for the elasticity of wage with respect to population size) or from 0.19 to 0.32 (for the elasticity of wage with respect to population density). Yet, Ke (2010) , using a cross-sectional spatial econometric model, found the elasticity of wage with respect to employment density to be negative. Au and Henderson (2006) , using an IV approach with cross-sectional data, found that 'urban agglomeration benefits are high' and are U-shaped: 'real incomes per worker rise sharply with increases in city size from a low level', and 'level out nearer the peak and then decline very slowly past the peak'. Xu (2009), by estimating a non-spatial panel data model, also concluded that the relationship between population and productivity to be non-linear (U-shaped). These findings may suggest that the agglomeration externality is not constant in China. None of these studies take the advantages of spatial econometrics and treating the endogeneity issue at the same time. In this paper, we attempt to estimate these agglomeration externalities in China using a fixed effect Spatial Durbin panel data model, which both gives a richer insight of intra-city agglomeration externalities and intercity spillover effects, and controls for time-invariant heterogeneity at the local level. We also use time-lag of population size of city as the explanatory variable to reduce the concern on simultaneity.
Intra-city agglomeration externalities are captured by the effects of city size, while the inter-city 2 The estimates for the US seem to be comparable across different studies. For example, Ciccone and Hall (1996) and Rosenthal and Strange (2008) estimated the elasticity of productivity with respect to population density to be around 0.04-0.05 for the US. Also for the US, Chauvin et al. (2017) estimated the elasticity of male earning with respect to metropolitan area population to be 0.054. For other countries, is seems not to be the case. Ciccone (2002) estimated the productivity elasticity with respect to population density for a few European countries to be 0.05 in 1992. These studies use IV approach on cross-section data to control for the endogeneity issue. However, Brülhart and Mathys (2008) , who use a panel of more European countries for the period between 1980-2003 got a much larger estimate of around 0.13. spillover effects are captured by spatial dependence. We argue that identification is achieved by 1) the inclusion of fixed effects, which takes account of the endogeneity problem due to omitted timeinvariant variables; 2) using time-lagged (rather than contemporary) variables as regressors, which reduces the potential simultaneity problem; and 3) by functional form assumptions. Functional form assumptions may be strong in this approach, but this may be the price worth to pay for allowing for a richer structure of the model. Since the variables are strongly correlated, it is possible that using one-year lag is not sufficient to overcome the simultaneity problem. As a robustness check, we estimate and compare the models using time-lags of different period. Admittedly, the endogeneity problem may still not be removed completely with this approach, but we believe by taking into account the spatial independence and controlling for the fixed-effects, our estimates may be improved compared to previous estimates for China and provide the pattern of the effects across regions. Han et al. (2018) is a recent example that use similar approach to study spatial spillover effects of industrial agglomeration on carbon emissions in China.
A drawback for allowing for the effects of the explanatory variables to be varying across observations in spatial econometrics models is that the effects cannot be expressed directly as the parameters of the models. Using model estimates, we calculate summary measures of the variable impacts: the average direct (from own city) and indirect effects (from other cities) of some key variables on productivity. These effects are calculated for various city groups. We also propose a new measure of the strength of the spillover effect-the multiplier of the average effect over the initial shock of a variable. 3 We find a strong positive effect of urban population on the real wage level. This finding confirms the existence of agglomeration economy within regions. We also find significant differences in both the direct and indirect effect of factors such as FDI on productivity between areas with different population densities. This seems to suggest the existence of spillover effects between cities. Disparity between regions in economic growth and productivity could be explained by the statistically significant regional variations in the direct and indirect effects of the explanatory variables. For example, we find that the average direct effect of Foreign direct investment (FDI) increments is about 1.5 times larger in East China than in Northeast.
The contributions of the paper are: 1) identifying within region agglomeration externality and inter-region spillover effects on productivity in urban China using a spatial panel data approach; 2) providing an explanation for the unbalanced economic growth and the persistent gap in productivity 3 As discussed in Moretti (2011) , another approach has also been used to test for agglomeration economies. It is based upon the location decision of firms at equilibrium and to make inference out of observed geographic distribution of employment. For example, by comparing geographic concentration across industries in the US manufacturing sector, Ellison and Glaeser (1997) find that all industries are localised to some degree and that spillover of location, natural environment, and even random shocks could all affect agglomeration. Other examples include Rosenthal and Strange (2003) , Duranton and Overman (2005) , and Ellison et al. (2010) . across regions; 3) our model considers both endogenous and exogenous spatial interdependence explicitly; and 4) proposing a new measure for the strength of the spillover effects.
The rest of the paper is organised as follows. In Section 2 we describe the output and productivity patterns of the prefectural cities over the period between 1995 and 2009. In Section 3 we present the model. Estimation results are presented and discussed in Section 4. In Section 5, we conclude.
Data
Our analysis focuses on 185 cities at or above prefectural levels in China for the years between 1995-2009. A prefectural city 4 in China is a city that directly controlled by a provincial government.
According to a 1993 State Council document, they have to be cities that, have a non-agricultural population over 250,000 in their non-suburban areas; have total output of over 3 billion Chinese Yuans (at least 80 percent of which is from non-agriculture); have total GDP of over 2.5 billion Yuans (of which, over 35 percent is from the third (service) sector and more than that from the first (agriculture) sector); have government revenue of above 0.2 billion Yuans; and are centers to several other cities or counties in the region. In addition, four cities, Beijing, Shanghai, Tianjin, and Chongqing, are municipalities directly administrated by the central government. [ Figure 1 is here]
The key variable of interest analysed in this paper is average real wage per worker with urban
Hukou 5 , which we use to measure productivity. 6 The explanatory variables include the (lagged) 4 There are three levels of cities in China, municipality under the central government, prefectural cities, and county level cities. 5 The hukou system is the residence registration system in China. Until recently, each citizen was classified in an agricultural or non-agricultural hukou (commonly referred to as rural or urban) and further categorized by location of origin. This two-fold organization structure was linked to employment permission and social policy. Local residents who held non-agricultural (i.e. urban) hukou status received benefits not available to their rural counterparts or non-residents. As a result, internal migration has been tightly controlled by the system. Only in the past few decades have these restrictions been gradually loosened.
6 Some papers use TFP as the measure of productivity (e.g., Moretti (2004) and Henderson (2003) ). The issue 6 annal increment in FDI, the stock of total assets (including both fixed and circular assets), the size of urban population, and the shares of employment and output from the second (slightly broader than the manufacture sector) and the third sectors. It is important to take into account the large regional disparity in price levels. Thus, all the variables related to values have been deflated using a spatial price index (SPI) at the provincial level generated using the method proposed in Brandt and Holz (2006) . 7 Table 1 summarises the variables and their descriptive statistics used in this paper. First, the data confirm that productivity in China has increased rapidly over the sample period of 15 yearsthe average real wages have more than quadrupled. This increase is only slightly slower than the increase in real GDP per capita. Meanwhile, annual FDI inflows (in real terms) have also more than doubled. Since early 1990s, China has been the largest FDI recipient among the developing illustrate vast and persistent differences among these regions. Figure 2 shows that cities in Central and Southwest China have the lowest GDP per capita and those in East and North China have the highest, and the differences of output levels have enlarged in the years post 2000. Figure 3 indicates that the pattern of wage increases do not follow exactly the output growth. Wages did not increase until late 1990's while per capita GDP had a continuous increase over the entire period. The speed of increases in wage levels is quite similar among different regions, and the differences in wages have been roughly kept constant (except for South China). This may be a sign of cross dependence in the labour markets. FDI inflows are extremely uneven among regions (Figure 4 ). In the early years, most of FDI ended up in East and South China. In later years, FDI in other areas picked up, but Northwest is still the region that attracts the least FDI. We also present the average sizes of the cities in terms of urban population in Table 2 -in Northeast and Northwest, which are the less populated areas, city sizes are significantly smaller than in other regions.
[ Table 2 is here.]
[ Figure 2 , 3, and 4 are here]
We use highway distances between pairs of cities in kilometers to measure the spatial distances between cities. 9 To show spatial correlation among regions, we calculate and compare in Table  3 The Approach
The Model
To estimate the agglomeration and spillover effects in productivity, we estimate a fixed effect Spatial Durbin (SDM) Model:
where y t = (y 1t , . . . , y nt ) is the (log) average real wage of the cities in year t,
is a matrix of R explanatory variables, W is a given spatial matrix for the autoregressive components, a = (a 1 , . . . , a n ) is the vector of city fixed effect, d s t (s = 1, . . . , S) are the dummy time effects, ι n is a vector of ones, and v t = (v 1t , . . . , v nt ) is an i.i.d. normally distributed error term. Included in X are (log) asset, lagged (log) population size of the city, relative size of each sector in the economy, and lagged (log) FDI. Including lagged population size and FDI is to reduce the endogeneity issue caused by simultaneity. We specify W as the inverse of highway distances between cities, standardised by the maximum of its eigenvalues.
In this model, potential intra-city agglomeration externality is captured by the impact of population size. The impacts of demand shock are captured by the coefficients of the lagged FDI. The inter-city spillover effect is considered to be from two sources. The first is from ρ, the coefficient of the spatial lag of the dependent variable. It reflects that the productivity of a city varies with that of its neighbouring cities. The second is from θ, the coefficients of the spatial lag of the explanatory variables. It reflects the fact that the productivity of a city may vary with the characteristics of its neighbouring cities. These two sources correspond to what Manski (1993) labelled as the 'endogenous interaction effects' and the 'exogenous interaction effects' (Elhorst (2014) ).
One of the advantages of the SAR or SDM model is that they allow for the impacts of factors to vary for each city. The price to pay is the loss of straightforward interpretation of the model parameters. The model coefficients cannot be explained as the marginal effects of the variables. For example, β's could be explained as the initial round of direct shock of the corresponding variable on the dependent variable, and W θ could be explained as the initial round of exogenous interaction effects from other cities. The complete effects of the variables include the feedback effects (see next sub-section for details).
In the standard non-spatial linear models (including Spatial Error models), none of the two inter-city spillover effect is allowed. In those models, both ρ and θ's are set to zeros, although spatial correlation in the error terms can be allowed. In the presence of spatial correlation through lagged spatial dependent variables, the OLS or fixed effect estimates would be inconsistent. Although IV or GMM approaches could yield consistent estimates. The consistency of IV or GMM estimates depends crucially on the validity of instruments. And even if in the rare cases where valid instruments could be found, the inter-regional impacts are restricted to be constant and it is difficult to obtain the pattern of the varying effects.
In the Spatial Autoregressive (SAR) Models, which are probably the most popular spatial econometrics models, only the first (endogenous) spillover effect is allowed. In these models, θ's are set to zero. A potential problem is that if there exist exogenous interaction effects, the Maximum likelihood estimator would be inconsistent. The presence of these effects could be tested using a simple Likelihood ratio test (there is a large literature discussing various models, see for example, LeSage and Pace (2009) and Elhorst (2010)).
Marginal effects
Unlike in the non-spatial models, where the coefficients of the explanatory variables measure the marginal effect of those variables, the marginal impacts of explanatory variables in SAR or SDM models are more complicated. The effects depend upon the spatial correlation coefficient ρ, the spatial weighting matrix W , along with the β's (and θ's in the case of SDM). They also differ from units to units. 10 For example, the marginal impact of X r it , the r-th variable in X t of city i at time t on Ey jt , the expected wage level of city j at time t is given by ∂E{y jt |X t }/∂X r it = S r (W ) ji , (i, j = 1, . . . , n; t = 1, . . . , T )
where S r (W ) ji is the j, i-th element of the matrix S r (W ) = (I n − ρW ) −1 (I n β r + W θ r ) (I n is a n × n identity matrix).
LeSage and Pace (2014) propose calculating three averages of these varying impacts as summary measures. The first is the Average Direct Effects (ADE), which is the average impact of changing the value of the explanatory variable on the real wage of the same city:
This measure has the similar interpretation as the typical (non-spatial) regression coefficients. Due to spatial dependence, this effect is different from the initial impact β. From this measure, we propose to calculate the ratio,η
which is the average multiplier of the initial direct shock of X r and reflects the strength of the feedback or repercussion effects. For example, a multiplier of 1.10 could be interpreted as that the accumulated effect is about 10 percent larger than the original shock. The further apart the multiplier from the unity, the stronger is the interdependence across regions and are the repercussion effects among each other. A larger than unity multiplier means the direct impact is stronger than the initial shock, while a smaller than unity multiplier means the direct impact is weaker than the initial shock. In the SDM models, the multipliers are different for each explanatory variable, but in the SAR models, the multiplier is restricted to be the same for all variables. This is another advantage of the SDM models over the SAR models.
The second is the Average Total Effect (ATE) 11 to (or from) an observation, which is the average impact of changing the values of the explanatory variables of all observations on a city's wage level:
The difference of the AT E and the ADE is called the Average Indirect Effects (AIE),
The In fact all these measures could be extended to any selection of cities. For example, of a group of cities s, we can define an ADE s r as
where n s is the number of cities in the group, S r (W ) d = (S r (W ) 11 , . . . , S r (W ) nn ) is the row vector of the diagonal elements of S r (W ), and ι ns is the vector of indicators of city group s.
11 For all cities, the ATE's from and to a city are numerically identical.
Similarly the average of the total effects from all cities on city group s (AT E s rf ) could be defined as
The average of the total effects to all cities from city group s (AT E s rt ) could be defined as
AT E s rt and AT E s rf may be different if W is asymmetric.
Estimation
The model (Equation 1) is estimated by the (concentrated) maximum likelihood method (ML).
First of all, the fixed effects are removed by demeaning the data:
whereỹ andX are demeaned variables. Secondly, for a given ρ, β's, d t 's, θ's and the variance of error terms are estimated by OLS ofỹ − ρWỹ onX, WX, and the transformed time dummies, and hence just a function of ρ (denoted asβ ρ ,θ ρ ,d t , andσ 2 ρ , respectively). Thus, the concentrated likelihood function to be maximised (against ρ) is ln L = −nT /2 * (ln(π) + ln(σ 2 ρ ) + 1) + (T − 1) * ln |I n − ρW |,
where |I n − ρW | is the determinant of the matrix (I n − ρW ), σ 2 ρ = e e/(nT ) * T /(T − 1) is the variance of the error terms,, and e =ỹ −ρWỹ −Xβ ρ −WXθ ρ − S s=1d s t . 12 We include the correction factor T /(T − 1) in σ 2 ρ following Lee and Yu (2010) . At the maximum, the asymptotic distribution of parameter estimates (ρ,β,θ,d t ,σ 2 ) is normal.
The variance and co-variance matrix of the parameter estimates can be estimated from Hessian calculated analytically, numerically, or the mixture of the two. We use the mixed analytical and numerical methods (for details see, LeSage and Pace (2009)).
Using the parameter estimated, the marginal effects could be calculated directly and their standard errors are calculated by bootstrapping. Given the estimates of the variance-covariance matrix of the parameter estimates, bootstrapping is straightforward: draw B sets of parameter estimates from its distribution, for each set of estimates calculate the marginal effects described above, and the standard errors of the marginal distribution are given by the standard deviation of the empirical distribution of the B estimated marginal effects.
Results

Comparison of models
As indicated in Table 3 , there are strong spatial correlations in our data. Therefore, estimates from non-spatial OLS and fixed effects that do not take into account of spatial correlations are likely to be inconsistent. For comparison purposes, Table 4 presents parameter estimates of 4 models: non-spatial OLS, non-spatial fixed effects, fixed effect SAR, and fixed effect SDM. It is apparent that the coefficient estimates from non-spatial OLS and fixed effects models are quite different from the results of both SAR and SDM models. Meanwhile, the interpretation of the coefficients are not directly comparable.
The estimates of βs, which measure the initial round direct impact of each variable on own city, are quite similar from both the SAR and SDM models. However, the null hypothesis of no exogenous spatial interdependence is strongly rejected by a likelihood ratio test between the SAR and SDM model, which means that the SAR model is rejected-the test statistics is 156.36. 13 Most of the estimates of the coefficients of W X in the SDM model (the θ's) are significant. This implies the existence of both strong endogenous and exogenous interdependence between these cities. In addition, the estimate of the spatial autoregressive coefficient (ρ) from the SDM model (0.80) is also different from that from the SAR model (0.53).
[ Table 4 is here.]
Marginal effects
In Table 5 , the marginal effects of the explanatory variables from these models are presented. The non-spatial OLS and fixed-effects coefficients are also own marginal effects, which have the same spirit as the ADE's of the SAR and SDM models. Again, they are very different from the latter two models. Most of the ADE estimates from the SAR and the SDM are not too far apart, but the AIE estimates are very different. Even with much larger standard errors, at least some of the AIE estimates from the SDM model are still significantly different from those from the SAR model. Again, the SAR restricts the multiplier to be the same for all variables (estimated to be 1.017) and 13 The critical value of the χ 2 (6) at the 5 percent level is 12.6.
13
the SDM allows them to be different for each variable. In the rest of the paper, our interpretation of the results will be based upon the SDM model.
[ Table 5 is here.]
The last three columns of Table 5 reveal some interesting insights of productivity in urban China. Firstly, the ADEs of all variables are significant. The ADE of urban population on real wages confirms the existence of intra city agglomeration externality in Chinese cities. The estimate of 0.542 is an elasticity, which means that on average, if a city's own population increases by one percent, the real wage would increase by about 0.54 percent. The multiplier of 1.06 could be interpreted that the accumulated effect is about 6 percent larger than the original impact, and it is significantly different from one. This estimate confirms that agglomeration economy in China is much stronger than those for the US and for Europe. Such a strong agglomeration economy may provide a good explanation for the rapid urbanisation in China and why policies aim to limit the size of city growth may not be effective. The estimate from the SDM model is also larger than the estimates from other studies for China, which either do not take into account spatial dependence or control for the endogeneity issue. The ADE of FDI implies that every one percent increase in FDI would push up the local wage by 0.01 percent. A multiplier of 1.5 (which is significantly different from one) implies that, through repercussions between neighbour cities, it is amplified to about 1.5 times of the original impact. The impacts of the other variables also have the expected signs. For example, higher capital stock (measured by total value of the assets) also leads to higher wage (with an elasticity of 0.11); the larger are the non-agriculture sectors (measured by the proportion of second and third sector GDP), the higher is the wage; and the larger the second sector employment relative to the third sector (measured by the proportion of second sector employment out of the non-agriculture sectors), the lower the wage is. For some of these variables, a somewhat significantly less than one multiplier suggests that the accumulative impacts are weaker than the original impacts due to the inter-city spillover effects.
Secondly, it is worth noting that the fact that most of the multipliers are significantly different from one illustrates strong inter-city spillover. Thirdly, these inter-city spillover effects differ from factor to factor, where that of FDI is the strongest, and that of city size is probably the weakest.
Fourthly, the inter-city spillover effects are also reflected in the AIE's. From the estimates of the AIEs we find that for most factors, the inter-city spillover is very strong, which means that a large part of productivity increase is due to effects originated from cities other than own. For example, if the population size of all other cities increases by one percent, on average, a city's real wage would be pushed up by 4.8 percent. If FDI of all other cities increases by one percent, on average, a city's real wage would be pushed up by 0.53 percent. Similarly, if the size of the second sector out of the non-agriculture sectors of all other cities increases by one hundred percentage points (which means the whole economy swings away massively from the service sector), the real wage of an average city would decrease by about 18 percent. Again, these inter-city spillover effects vary from factor to factor. The multiplier and the AIE of FDI also suggest that the inter-regional spillover effects of FDI contribute significantly to productivity increase of a much wider scope than where the FDI locates. This may be due to the transfer of knowledge, management skills, and so on, or due to that-unlike the State Owned firms who often require workers to have local Hukou-the foreign firms could draw from the more mobile part of the urban labour force.
Differences across regions
To illustrate the regional differences, we present the measures of the marginal effects for the seven regions in Table 6 . 14 From the table, we can see that both the multiplier and the AIE exhibit some variations across regions. The pattern seems to be that these effects are somewhat larger in more population dense areas such as East, South, and Central China, but smaller in less population dense areas such as Northeast and Northwest. To further illustrate the differences across regions, we further analyse Northeast and East China. Northeast China is an area with a relative low (but not the least) population density. It is the 'old' industrial base where many heavy industries such as machinery locate. Economic growth in Northeast China has been slow. As a contrast, East
China is an area with a high population density. It is the economic powerhouse in the last few decades. East China is also the destination of most of the FDI inflow. As the results show, the multiplier of the FDI impact for Northeast China is about 1.4, but that in East China, it is about 1.6. This means that the impact of FDI on productivity would be 1.6 times of its initial shock in East China and about 1.4 times in Northeast China. For the AIE, a similar conclusion could be made. We conduct a formal test for the significance of these differences and present the test results in Table 7 . The results show that the differences of the multipliers and the AIE's for most of the variables are significant at least at the 10 percent level.
The disparity in growth and productivity across regions can be explained by the variations in the effects of these factors. In addition, these variations suggest that the strength of inter-regional spillover correlates with population (and thus city) density. This can be seen as another form of agglomeration economy.
[ 
Robustness of the results
The reason to use time lagged variable for population size (and FDI) is to reduce the potential endogeneity of the variables, even though the fixed-effect is controlled for. To check whether using lagged variable is sufficient to control for this issue, we calculated the correlation between the spatial lag variable W y and the estimated residuals. A low correlation between the two can be a sign that the endogeneity issue is not a serious issue. For the SDM model, the correlation is 0.007, which is very small.
To further check whether using one-year lag is sufficient, we also estimated a set of alternative models and compared the results of the benchmark models. In these alternative models, we replace the population size with lags of various years (up to t − 5). The parameter estimates for the SDM models are presented in Table 9 (the results for SAR models are presented in Table 11 of the Appendix). In these alternative models, we restrict the cities to those with five more years of data.
Thus the number of observations used is smaller than in the benchmark models. From the table, we can see that the results are quite robust to the specifications. The parameter estimates of all variables except for those of the population size are almost identical for all models, no matter which lag is used for the population size. The magnitudes of the coefficients of the population size are somewhat different when different lag is used (which is not surprising), but the difference is not large and the sign and the significance remain the same. The estimates of the spatial coefficient ρ are also very close to each other. In addition, the value of the likelihood are also similar.
We also checked the stability of the estimates over time. We partitioned the sample into three periods (1994-1999, 2000-2004, 2005-2009) and estimated the model for each sub-period. The estimates of the parameters, the ADEs, and the AIEs for the SDM models are presented in Tables 10 (the results for SAR models are presented in Table 12 in the Appendix). It should be noted that for the estimates to be consistent, both the number of cross-section units and the number of time periods need to be large. However, the samples of each sub-period only consists of five years of data, which is rather small. The magnitudes of the estimates for different periods do differ and the estimate of the spatial coefficient become smaller in later period. However, the signs and the significance for most of the parameters are consistent over time. The results may imply that in a fast evolving economic system like China, the assumption that the economic relationship remains constant could be restrictive or unrealistic. Time-varying coefficient models, which allow for changing economic relationships, may be more appropriate for such cases.
Conclusions
In this paper, we analysed the intra-city agglomeration economies and inter-city spillovers in productivity of urban China using a spatial econometrics approach. the productivity is measured with the average real wage of each city, which is adjusted using a spatial price index. We compared various specifications including non-spatial linear models, the fixed-effect SAR model, and the fixed-effect SDM model. We showed that in presence of a strong spatial interdependence, the fixed-effect SDM is preferred. The fixed-effect SDM model allows for both the endogenous and exogenous interdependence, and allows for non-linear spillover effects between cities. The results are summarised using measures such as ADE and AIE as proposed by LeSage and Pace (2014) . We also proposed a multiplier of the ADE to measure the strength of the inter-city spillover effects.
From the results for the 185 cities at or above the prefectural levels, we could draw the following conclusions. First, our estimate shows that the average elasticity of wage with respect to population size of cities was about 0.5 for the period between 1994 and 2009, which means that if the population size of the city is increased by one percent, productivity would increase by 0.5 percent. This is much larger than those found for the developed countries, but consistent with findings that for developing countries such as China, India, and Brazil, agglomeration economy is usually larger.
This could help to explain why rapid urbanisation happens in these countries and could explain why policies aiming to limit city sizes may not be effective. Secondly, we find that agglomeration economy may exist as the forms of both intra-city agglomeration and inter-city spillover effects.
A significant positive effect of urban population on the real wage level confirms the existence of intr-city agglomeration effects, while the significant differences in the multipliers and AIE's between more and less population dense areas seem to suggest that the agglomeration economy may also exist in the form of inter-city spillovers. Thirdly, the disparity between regions in economic growth and productivity could be explained by the statistically significant regional variations in the multipliers and AIE's. For example, we find that the multiplier of the direct effect of FDI is larger in East China than in Northeast. This is probably why we see the emergence of the fast growing city groups in areas such as the Yantz River Delta, Pearl River Delta, and so on.
The results are rather robust to alternative specifications in which various time lags are used.
The correlation between the spatial lagged variable and the residuals is very low. These findings suggest that our identification strategy works well. However, the results are different for various sub-periods, which may suggest that a more flexible model such as time-varying coefficient model that allows for evolving economic relationships could be more appropriate. This is a direction for future research. 0.526** 0.565** 4.726** 0.757** 0.799** 4.537**
